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- Neural implicit surfaces methods extend NeRF and allow
to obtain finer details and higher resolution 3D surfaces
while training for image synthesis;

- Previous works show that depth regularization improves
neural rendering and 3D reconstruction, but these rely on
additional data, like SfM points.

Can the implicit surface representation quide the

sampling of rays and points during training for
accurate 3D reconstruction and rendering?
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1) Obtain the scene’s SDF S(x)from the implicit surface as
probabilities ¢s(S(x)):
2) For each camera, we transform the scene’s probabilities
to the proposed image space at every K iteration;
3) At each iteration, sample the image space:

- Each sample includes: image pixel and estimated depth;

- The sampled depth is used to regularize the model,;

- The method is agnostic to the backbone. We used
Neuralangelo’ and NeuS#? in our experiments.

[1] Li et al. “Neuralangelo: High-fidelity neural surface reconstruction”™. CVPR. 2023.
[2] Wang et al. “NeuS: Learning Neural Implicit Surfaces by Volume Rendering for Multi-view Reconstruction™. NIPS. 2021.
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View Dependency

- Since p(u) does not account for occlusions, sampling a
projection ray based on the object's geometry alone can
result in many occluded samples;

- The view-dependent probability p(u;), where for u; = [u, v, \;]”
considers the transmittance 1; along the depth \; of [u, v]
and o, = p(u;):
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Probability-guided Sampling
- We combine two image sampling strategies:
(i) Sampling using the view-dependent PDF p(u):
- Conditional importance sampling in the 3-axis;
- Targets the surfaces in the scene.
(11) Sampling uniformly on the image:
- Allows background rendering;
- Initial training stages focus on (/). Then, we increase
samples of (ii), while keeping the same number sampled
rays.
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Motivation and Contributions Probability-guided Sampler

Interpolation
- We approximate p(u) as the Riemann

Surface Reconstruction Losses
- In addition to the losses of each backbone,
we include a surface loss for:
(i) Points near the surface: I,N¢':
(i) Points within the empty ray space: [F™P:
(iii) Points belonging to background rays: .52 :
- The total surface loss is computed as:
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DTU Quantitative Results

Better accuracy

24 37 40 29 63 65 69 83 97 105 106 110 114 118 122 |Mean

NeRF [124] 26.24 25.74 26.79 27.57 31.96 31.50 29.58 32.78 28.35 32.08 33.49 31.54 31.00 35.59 35.51| 30.65
VoISDF[211] 26.28 25.61 26.55 26.76 31.57 31.50 29.38 33.23 28.03 32.13 33.16 31.49 30.33 34.90 34.75| 30.38
RegSDFT [224] 24.78 23.06 23.47 22.21 28.57 25.53 21.81 28.89 26.81 27.91 24.71 25.13 26.84 21.67 28.25| 25.31
NeuS [191] 23.80 27.63 27.16 29.4 32.71 33.1 30.58 34.25 29.97 33.69 35.34 32.81 31.96 36.72 37 |31.74
NeuS + Ours 28.28 28.1 28.16 24.71 33.1 33.97 29.59 33.25 30.35 33.61 35.66 32.97 32.29 37.15 35.56 | 31.78

Neuralangelo [103]  30.64 27.78 32.70 34.18 35.15 35.89 31.47 36.82 30.13 35.92 36.61 32.60 31.20 38.41 38.05| 33.84
Neuralangelo 4+ Ours 33.73 30.36 33.55 34.06 35.22 34.64 32.49 33.2 31.93 34.17 37.64 35.3 34.01 38.04 37.87|34.41

g BMVS Sphere )
: <
5
~Y
wn
&
< E
25
7p
A
> 3
- (a) Neuralangelo (b) Neuralangelo + Ours ":‘%
>
Challenging reconstructions
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NeuS [191] 28.93 28.29 27.53 30.57 36.48 36.48 31.83 40.09 31.26 37.19 36.87 33.9 32.65 39.63 40.88 | 34.21
NeuS + Ours 28.98 29.22 28.66 25.22 37.24 38.73 30.77 42.47 32.34 37.5 37.49 34.34 33.11 40.84 38.45| 34.36
Neuralangelo [103] 35.21 31.76 35.12 38.16 41.17 40.46 34.39 44.22 34.09 40.8 40.8 37.24 34.92 42.36 43.56 | 38.28
Neuralangelo 4+ Ours 35.13 32.86 35.2 38.51 41.41 41 34.51 44.93 35.64 41.13 40.95 37.78 35.26 43.3 44.59|38.81
NeRF [124] 1.90 160 1.8 058 228 127 147 1.67 2.05 107 088 253 1.06 1.15 0.96 | 1.49
VoISDF[211] 1.14 126 081 049 125 070 0.72 129 1.18 0.70 0.66 1.08 0.42 0.61 0.55 | 0.86
HF-NeuS [197] 0.76 132 0.70 039 106 063 0.63 1.15 1.12 0.80 0.52 122 033 0.49 0.50 | 0.77
RegSDFT [224] 0.60 141 064 043 134 062 0.60 090 092 1.02 0.60 0.59 030 0.41 0.39 | 0.72
NeuralWarp [42] 049 071 038 038 0.79 081 0.82 1.20 1.06 0.68 0.66 0.74 041 0.63 0.51 | 0.68
NeuS [191] 0.77 0.78 5.82 050 139 176 106 4.01 147 0.77 064 129 034 056 0.53 | 1.30
NeuS + Ours 1.08 0.74 127 243 105 105 166 132 21 079 06 107 032 04 208 | 1.2

Neuralangelo [103]  0.37 0.72 0.35 0.35 0.87 0.54 0.53 129 097 0.73 0.47 0.74 032 041 043 | 0.61
Neuralangelo + Ours 0.39 0.68 0.32 0.33 0.87 058 0.53 13 0.93 070 0.5 0.74 0.31 0.37 0.38| 0.6
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